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Abstract
Following is a very common type of interaction between individuals observed in crowds. For example, in streets or in corridors,
following occurs as soon as one’s motion is constrained in the sagittal plane, while overtaking possibilities are constrained as well
by walls or people coming in counter ﬂow. In this paper, we present a new model to simulate following behaviors. We explore
the distance at which followers try to match the leaders’ speed. In our model, the following distance is dynamic and changes
according to the follower’s speed and the prediction of the leader’s future position. We evaluate the model using real data and we
also compare it with other following models showing the improvements.
c© 2014 The Authors. Published by Elsevier B.V.
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1. Introduction
Models for simulating pedestrian dynamics have received much attention in recent years given the importance of
understanding the interactions among pedestrians for designing buildings, studying crowd evacuation during emer-
gency situations, or reproducing realistic crowd behaviors in movies and video games. Microscopic observations on
crowds allow us to notice that global behaviors emerge from local interactions. Among the various types of existing
interactions (in crowds), we can highlight following as one of the most common. It happens when one’s motion is
constrained by another walker moving in front with no ability to overtake. In this case, followers adjust their motion to
move behind the obstacle while preventing any collisions. This paper presents a new algorithm to simulate following
behaviors where the following distance is adapted in a realistic way.
Following someone is staying close behind this moving person either by keeping a good distance to it or by
matching its speed. Most algorithms for simulating following behaviors focus only on speed matching (Lemercier
et al. (2012); Rio et al. (2014)). In this paper, we explore the distance at which followers try to match the leaders’
speed. Our hypothesis is that humans explicitly control the following distance to the moving target. Moreover, this
distance results from observations on the leader’s characteristics and motion. Our main contribution is the design of a
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numerical model of local following interactions based on an explicit dynamic following distance term. The following
distance is a function of diﬀerent properties such as physical factors, social factors, psychological factors and the
perception of target’s motion. We demonstrate the validity of our hypothesis with experimental data and show some
signiﬁcant improvements over previous techniques.
2. Related work
There are many solutions for the problem of simulating pedestrian dynamics. A detailed review can be found in
Pelechano et al. (2008). Despite the existence of various approaches, pedestrians interactions have been mainly simu-
lated and studied by models based on rules, cellular automatons and social forces (Reynolds (1999); Schadschneider
(2001); Helbing and Molna´r (1995); Helbing et al. (2000); Zheng et al. (2009)). Those approaches are considered mi-
croscopic, where the emergence of patterns, such as those observed in real life, are expected from local interactions.
Most of the existing models focus in collision avoidance with anticipation. Nevertheless, it is also important to
study and to understand other relevant aspects of crowd behavior, such as the following behavior which emerges
naturally in real crowds. The following behavior has been speciﬁcally addressed in group behavior studies. Braun
et al. (2003) introduced into a social forces based model an altruism force intended to keep the agents walking together.
Pedestrian dynamics was further analyzed in (Xu and Duh (2010)). Moussaı¨d et al. (2010) developed a social forces
model able to reproduce some observed group formations. In spite of its importance, the question of the following
distance was not deeply explored. Loscos et al. (2003) used grids to deﬁne the reaction of the followers according to
the distance to the leader and its behavior. Reynolds (1999) deﬁned a leader following behavior where a follower tries
to reach a position at a ﬁxed distance behind the leader.
Seyfried et al. (2005) measured the relation between the pedestrian speed and density from observations on one-
dimensional traﬃc (fundamental diagram). Recently, experiments on such 1-D traﬃc led to a series of ﬁndings about
following dynamics (Jelic´ et al. (2012a,b)). A model was also derived and calibrated from those experiments by
Lemercier et al. (2012). In their model the follower tries to match the leader’s speed and at the same time adjusts
its acceleration according to the distance between them. The model is able to reproduce the experimentally observed
stop-and-go waves when calibrated correctly. Finally, Rio et al. (2014) presented and discussed several models for
human following behavior simulation. They also introduced several hypothesis about the information used for visual
control.
From this short overview, we draw several conclusions. The following behavior is mainly considered as matching
the target’s speed. But distance between people is a very important factor in crowd simulation (Gorrini (2014))
especially when following someone else. Our model does not try to match the leader speed but instead to compute
an ideal following position. Models using following distance already exist such as the one presented by Reynolds
(1999). While it has been suggested by Reynolds that this distance should be a function of speed, they all consider
a ﬁxed distance. In our model, the position of the follower is based on the leader motion prediction and the ideal
following distance. Motion prediction gives us more information than speed, allowing us to ﬁlter noises and to
consider acceleration. The following distance is indeed a crucial element in following behavior: if a follower matches
its leader speed while being too close or too far, no matter how well the speed matching is done, the resulting behaviors
are generally unrealistic.
3. Following model
In this section, we present our following model. As presented in Fig. 1, the model has three steps: estimating the
leader’s future position, deﬁning a following position and computing the speed to reach the following position. This
is repeated every time t.
The ﬁrst step is to estimate the leader motion. The estimation is done considering a set of past leader’s positions
over a period ω: [pl(u)]u=tu=t−ω. We choose to use a simple polynomial regression of degree two on the past positions:
pˆt(u) ≈ pl(u) ∀u ∈ [t − ω : t]. The degree two gives us a position function using both speed and acceleration which
results in a good approximation of the future leader’s position: pˆt(t + Δt) ≈ pl(t + Δt), where Δt is the time step.
Moreover, the regression allows us to ﬁlter out of the noises in the leader’s motion preventing the follower to react to
every small variation of the leader’s movement.
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Fig. 1. The ideal distance between the follower and the leader is described by the diﬀerence between the leader’s estimated position and the sum of
the follower’s ﬁxed distance and a dynamic safe distance determined according to the leader’s movement.
Once the future leader’s position is known, the follower needs to decide which position is good to follow the leader:
pideal(u). This position is deﬁned by computing an ideal following distance pideal(t + Δt) = pˆt(t + Δt) − d(t). Four
factors are considered when computing the following distance:
1. A physical distance which is deﬁned by the minimum distance between the follower and the leader before contact,
2. A personal distance (Hall (1966); Hayduk (1983)),
3. A reaction distance which gives the follower enough time to react to the leader’s change in motion,
4. A safe distance to prevent any risk of collision from the leader jerkiness.
The physical and personal distances are both integrated in a same distance d f which is constant in time and set for
each agent as a parameter of the model. The reaction distance is deﬁned as the distance walked by the follower during
the time he needs to react: dr(t) = v f (t)ttr with v f (t) as the follower speed and ttr as the time to react. The safe
distance is computed to absorb the error in the leader’s position estimation. At each step, the error of the previous
estimations is computed: (t) = pl(t) − pˆt−Δt(t). Then, we set the safe distance: derr(t) = ¯ + 2σ where ¯ and σ are
respectively the mean and standard deviation of (u) ∀u ∈ [t − ω : t]. In the end, we have the distance the follower
should keep with the leader d(t) = d f + dr(t) + derr(t).
Now, we are able to compute the follower’s speed to go from its current position p f (t) to its future ideal position
pideal(t + Δt) as:
v f (t) =
pideal (t + Δt) − p f (t)
Δt
=




D (t) = pˆt (t + Δt) − d f − derr (t) − p f (t) (2)
to:
v f (t) =
D (t) − dr (t)
Δt
=






And, ﬁnally, we can use this new speed v f (t) to update the follower’s position.
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4. Evaluation
In this section, we evaluate our model. We use data about people walking one behind the other in a circle recorded
by Jelic´ et al. (2012a) to compare our results with real following motions. We also compare our results with two other
following models: a distance based model (Reynolds (1999)) and a speed matching model (Lemercier et al. (2012)).
A set of trajectories from the real dataset is shown in Fig. 2 (top-left). As we can see, real trajectories are noisy.
Moreover, some wave patterns can appear: people alternatively going fast or slow propagating these sudden changes
of pace to the people behind them. We want to verify that our model is capable of handling these sudden changes of
pace and the eventual noises from the leader trajectory. We build the motion of a leader using a step signal coupled to
a noise signal as the leader’s speed. We present this motion to our model as well as to Reynolds and Lemercier’s ones.
The results are displayed in Fig. 3. For our model, the distance between the ﬁrst follower and the leader ﬂuctuates
according to the speed, but globally it stays constant and above the ﬁxed distance deﬁned as 0.6 m. This gives visually
realistic behaviors and prevents any risk of collision. Lemercier’s model matches the speed of the leader with some
delay and damping in a realistic way. But there is no test on the following distance which leads to a constantly
increasing distance between the leader and the follower caused by the speed ﬂuctuation. After a while, the distance
becomes too big to be realistic. Reynolds’ model keeps a globally constant distance as our model does. But there is
no adaptation to the leader’s noise which leads to some distance being inferior to the ﬁxed distance deﬁned as 0.6 m.
This could cause some unrealistic collision when leaders have a jerky motion.
Fig. 2. An example of real following trajectories and the simulated counterpart for three diﬀerent models.
For comparison with real data, every set of trajectories recorded by Jelic´ et al. (2012a) has been simulated. Sim-
ulations were initialized with the same conditions as the real data: same initial distances between walkers and circle
perimeters. For the Lemercier’s model, an initial motion value has also been provided. An example is shown in Fig.
2. The three models give trajectories close to the real ones. But the speed matching model is unable to reproduce the
beginning of the motion which is when the wave is formed. Moreover, if we look closely at the beginning, we can see
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Fig. 3. Top: simulated trajectories when facing a leader with a noisy motion which keeps on switching between 1.33 m.s−1 and 0.0 m.s−1 average
speed. Bottom: the distance between the leader and its simulated follower, the wanted distance when not moving being 0.6 m.
that Reynolds’ model reacts so fast to speed variation that the produced curves are very smooth compared to reality.
Our model is capable of reproducing the delay in reaction, that is also present in Lemercier’s model, giving rougher
trajectories closer to reality.
Fig. 4. Fundamental diagram showing average speed according to density for each model and for the real data.
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From all those simulations and real data, local fundamental diagrams have been computed (Fig. 4) as described
in Jelic´ et al. (2012a). These diagrams are used to compare the average speeds according to density between real
data and simulated ones. The three models present good results with average speeds close to real ones. We can notice
some values for high density from the Reynolds’ model data. These values mean that Reynolds’ model produces some
distances between leaders and followers shorter then real ones. This is prevented in our model thanks to the distance
adaptation to the leader’s motion.
5. Conclusion
We present a new following model based on following distances and motion prediction. This model is able to
diﬀerentiate the noises and the global motion of a leader trajectory. This allows to compute a realistic following
trajectory that does not match every perturbation in a leader motion. Moreover, the model allows a good control of
the following distances which is a visually important factor for realism.
The model is evaluated with real data showing that it produces trajectories close to reality and can reproduce
patterns that have been witnessed in real life. It is also compared to two other models. We demonstrate improvements
in some situations while having similar results in others.
Acknowledgment
Teo´ﬁlo B. Dutra acknowledges CAPES for the fellowship (PDSE Proc. 0130/13-3).
References
Braun, A., Musse, S., de Oliveira, L., Bodmann, B., 2003. Modeling individual behaviors in crowd simulation, in: Computer Animation and Social
Agents, 2003. 16th International Conference on, pp. 143–148. doi:10.1109/CASA.2003.1199317.
Jelic´, A., Appert-Rolland, C., Lemercier, S., Pettre´, J., 2012a. Properties of pedestrians walking in line: Fundamental diagrams. Phys. Rev. E 85,
036111. doi:10.1103/PhysRevE.85.036111.
Jelic´, A., Appert-Rolland, C., Lemercier, S., Pettre´, J., 2012b. Properties of pedestrians walking in line. ii. stepping behavior. Phys. Rev. E 86,
046111. URL: http://link.aps.org/doi/10.1103/PhysRevE.86.046111, doi:10.1103/PhysRevE.86.046111.
Gorrini, A., 2014. Empirical studies and computational results of a proxemic - based model of pedestrian crowd dynamics. Ph.D.
thesis. Universit degli Studi di Milano-Bicocca, Dottorato di ricerca in SOCIETA’ DELL’INFORMAZIONE - 37R, 26. URL:
http://hdl.handle.net/10281/50254.
Hall, E., 1966. The hidden dimension. Doubleday Anchor Books, Doubleday.
Hayduk, L.A., 1983. Personal space: Where we now stand. Psychological bulletin 94, 293.
Helbing, D., Farkas, I., Vicsek, T., 2000. Simulating dynamical features of escape panic. Nature 407, 487–490.
Helbing, D., Molna´r, P., 1995. Social force model for pedestrian dynamics. Phys. Rev. E 51, 4282–4286. URL:
http://link.aps.org/doi/10.1103/PhysRevE.51.4282, doi:10.1103/PhysRevE.51.4282.
Lemercier, S., Jelic, A., Kulpa, R., Hua, J., Fehrenbach, J., Degond, P., Appert-Rolland, C., Donikian, S., Pettr, J., 2012. Realistic following
behaviors for crowd simulation. Computer Graphics Forum 31, 489–498. doi:10.1111/j.1467-8659.2012.03028.x.
Loscos, C., Marchal, D., Meyer, A., 2003. Intuitive crowd behavior in dense urban environments using local laws, in: Theory and Practice of
Computer Graphics, 2003. Proceedings, pp. 122–129. doi:10.1109/TPCG.2003.1206939.
Moussaı¨d, M., Perozo, N., Garnier, S., Helbing, D., Theraulaz, G., 2010. The walking behaviour of pedestrian social groups and its impact on
crowd dynamics. PLoS ONE 5, e10047. doi:10.1371/journal.pone.0010047.
Pelechano, N., Allbeck, J.M., Badler, N.I., 2008. Virtual crowds: Methods, simulation, and control. Synthesis Lectures on Computer Graphics and
Animation 3, 1–176.
Reynolds, C.W., 1999. Steering behaviors for autonomous characters, in: Game Developers Conference 1999, pp. 763–782.
Rio, K.W., Rhea, C.K., Warren, W.H., 2014. Follow the leader: Visual control of speed in pedestrian following. Journal of Vision 14.
doi:10.1167/14.2.4.
Schadschneider, A., 2001. Cellular automaton approach to pedestrian dynamics-theory, in: Pedestrian and Evacuation Dynamics, pp. 75–86.
Seyfried, A., Steﬀen, B., Klingsch, W., Boltes, M., 2005. The fundamental diagram of pedestrian movement revisited. Journal of Statistical
Mechanics: Theory and Experiment 2005, P10002.
Xu, S., Duh, H.B.L., 2010. A simulation of bonding eﬀects and their impacts on pedestrian dynamics. Trans. Intell. Transport. Sys. 11, 153–161.
doi:10.1109/TITS.2009.2036152.
Zheng, X., Zhong, T., Liu, M., 2009. Modeling crowd evacuation of a building based on seven methodological approaches. Building and
Environment 44, 437 – 445. doi:http://dx.doi.org/10.1016/j.buildenv.2008.04.002.
